Background: Routine application of gene expression microarray technology is rapidly producing large amounts of data that necessitate new approaches of analysis. The analysis of a specific microarray experiment profits enormously from cross-comparing to other experiments. This process is generally performed by numerical meta-analysis of published data where the researcher chooses the datasets to be analyzed based on assumptions about the biological relations of published datasets to his own data, thus severely limiting the possibility of finding surprising connections. Here we propose using a repository of published gene lists for the identification of interesting datasets to be subjected to more detailed numerical analysis.
Background
Recent technological advances have profoundly changed the nature of biological research in general and of cancer research in particular. Work in the previous years has unveiled the building blocks of life (genes) in more than 100 different organisms, including humans [1] . High throughput technologies have been developed that allow the measurement of gene expression, protein interactions, and SNPs on a genome wide scale and to correlate such data with disease. The challenge now is to turn the enormous amount of data into better understanding and, eventually, therapies for cancer and other human diseases.
Since the introduction of high throughput gene expression screening into biological research, pioneered by the laboratory of P.O. Brown [2] a decade ago, a tremendous amount of data has been accumulated. Several microarray projects have generated large compendia of gene expres-sion data that provide a comprehensive view of the transcriptome in various organisms at different stages of development as well as in different environmental or genetic conditions [3] [4] [5] . Public repositories have been developed that host a significant amount of published data, although the coverage is far from complete [6, 7] .
The prevailing use of high throughput gene expression screening tools focuses on a restricted set of biological conditions and genome wide expression profiles for these conditions are being generated. Once the data have been analyzed statistically and validated for a number of genes, the interpretation of the data constitutes the main bottleneck towards the identification of biologically meaningful results. Meta-analysis methods have been devised that can help the biologist interpreting the data in the context of other gene expression data sets [8] [9] [10] . Nevertheless, researchers often limit their meta-analysis efforts to a small number of data sets that report results on the study of the same or similar biological systems. The raw data are generally downloaded from the web and numerical data analysis of the published and in-house generated data is performed in parallel. Obviously, in the light of the ever growing number of published datasets, this analysis mode quickly meets its limits. Furthermore, the hypothesis driven way of choosing published datasets for meta-analysis constitutes a servere limitation towards identifying unexpected connections between dissimilar datasets. Currently, there is no resource available that helps the biologists in the identification of datasets that report genes similar to the ones he or she is interested in.
We have explored the feasibility of mining published lists of regulated genes for the identification of published microarray datasets to be used in meta-analysis. Specifically, we stored lists of regulated genes derived from more than 150 publications. The repository of gene lists was searched using p16 and pRB target genes [11] . We find a highly significant overlap of these lists with genes regulated by the EWS/FLI fusion protein [12] , which is detected in more than 95% of Ewing's sarcoma family of tumors [13] . By cluster analysis of the the raw data, we extracted two signatures differentially regulated by p16, pRB, and EWS/FLI. These signatures display clearly distinct patterns of enrichment of Gene Ontology categories. One cluster contains genes whose function is specific to G1/S and the other cluster contains genes whose function is specific to the G2/M phases of the cell cycle. These results suggest that mining published lists of regulated genes provides a convenient, fast, and unbiased way for identifying biologically related datasets.
Methods

Generation of a repository of published lists of cancer related microarray experiments
We queried the Affymetrix database of scientific publications. The database contains more than 3000 scientific publications that use or review GeneChip ® technology. We selected 155 papers concerning both expression profiling of cancer specimens and mechanistic studies of cancer related genes.
Medline annotations of these papers were downloaded using a perl script calling NCBI Entrez Utilities http:// eutils.ncbi.nlm.nih.gov/entrez/query/static/ eutils_help.html via the LWP module. XML files were parsed by a perl script using the DOM module.
Gene lists were extracted manually from publications and were annotated using a procedure similar to the one used to generate IFOM DNA chip annotations tables [14] . Data regarding publications and published gene lists were relationally linked in a MySQL database.
Analysis of p16, pRB microarray data
Data analysis was performed using GenePicker [15] . GenePicker allows the user to set up analysis schemes and to search the data for regulated genes using t-test, ANOVA and Change-FoldChange analysis. Genes passing t-test and Change-FoldChange analysis were selected. Near optimal analysis parameters were defined using a genetic algorithm implemented in GenePicker.
Identification of published lists enriched in p16/pRB regulated genes
The overlap between p16 and pRB lists of regulated genes and the lists in the repository was evaluated by determining the number of common NCBI Entrez Gene identifiers between the annotated lists in the repository and the lists of p16/pRB regulated genes. For this process to work efficiently, each microarray platform in the repository was annotated with corresponding NCBI Entrez Gene identifiers and each published list was associated to the microarray platforms indicated in the corresponding publication. The significance of overlap of lists of genes regulated by pRB or p16 and gene lists annotated in the repository can be assessed using a sampling without replacement model. The corresponding P-value is calculated using the hypergeometric distribution:
Identification of published lists enriched in p16/pRB regulated genes where k represents the number of common NCBI Entrez Gene identifiers, n represents the corrected size of pRB/ p16 lists after the elimination of NCBI Entrez Gene identifiers present in the list of p16/pRB regulated genes but not present on the reference platform. N is the number of NCBI Entrez Gene identifiers present on the reference platform, K is the number of annotated Gene identifiers in the published list that is being analyzed. We applied Benjamini-Hochberg false discovery rate as multiple testing correction [16] .
Clustering method to expand signatures
Given the two different signatures extracted by mining our repository we identified other genes with similar behavior in pRB, p16, and EWS/FLI raw datasets. We extracted raw values for each probeset included in the original signature. This represented our initial cluster of genes and then we calculated a median centroid representing the genes of this cluster separately for the pRB, p16, and EWS/FLI dataset. In each class (pRB, p16, and EWS/FLI), we calculated the Pearson correlation coefficient r, between every gene (Table 1A) and pRB regulated genes (Table 1B) .
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and the representative centroid. The correlation coefficient r was calculated separately for each class for the weight of each class to be independent of the number of samples in the class. This analysis resulted in three correlation coefficients for every gene, one for each class. Genes with an average correlation coefficient greater than 0.8 were selected for further analysis. is defined by where N is the number of classes (3) and r i is the Pearson correlation coefficient of the analyzed gene in the class i.
We evaluated the quality of expanded clusters of size n in each class as follows: (i) we calculated, for each gene in the cluster, the Pearson correlation coefficient with other genes in the expanded cluster separately for each class of samples pRB, p16, and EWS/FLI; (ii) we selected the n(n-1)/2 non redundant values of this correlation matrix; (iii) the average Acv (Average of correlation values) and standard deviation of these values is considered as an indicator of similarity of the gene expression profiles of the genes composing the cluster.
Results
Details on extracted signatures
Publications on cancer related microarray experiments were extracted from the Affymetrix database of scientific publications http://www.affymetrix.com/community/ publications/index.affx. We retrieved 155 papers reporting both expression profiling of cancer specimens and experiments on genes that have been identified as being involved in oncogenesis. Medical Subject Headings of class G (biological sciences) like Cell Division, Signal Transduction, Cell Differentiation, Gene Amplification and Chromosome Deletion are strongly represented in the set of publications we considered. Some publications contain multiple gene lists classified with different criteria. Thus, altogether we stored and annotated 708 gene lists in our repository.
Gene identifiers were annotated using a procedure similar to the one used to generate IFOM DNA chip annotation tables [14] . In total, we identified 7225 Entrez Gene identifiers, representing about the 22% of the Homo sapiens records in Entrez Gene and 35% of NCBI Entrez Gene identifiers detectable by Affymetrix microarrays.
Microarray Experiments on pRB and p16
Two in-house generated gene lists derived from experiments on cell lines that conditionally express either a con-stitutively active mutant of pRB or p16INK4A [11] were used to search the repository. The HG-U95A subset of the p16 and pRB microarray data was analyzed using Gene-Picker [15] (see Methods). We identified 200 genes down regulated and 128 up regulated by pRB as well as 126 genes down regulated and 19 up regulated by p16 (Additional file 1).
Identification of published signatures having a significant overlap with p16 and pRB regulated genes
We searched for gene lists significantly overlapping with genes regulated by p16 and pRB by calculating the corresponding P-value according to the hypergeometric distribution ( Fig. 1A and Methods section). The overlap between lists was estimated based on common NCBI Entrez Gene identifiers. The results are reported in Table 1 (pvalue FDR corrected < 0.05). As an indication of the reliability of our approach, gene lists with the most significant overlap reported genes regulated by pRB, p16 and E2F [11, 17] . Interestingly, however, the genes regulated by p16 and pRB were highly enriched for genes regulated by the EWS/FLI fusion protein in primary human fibroblasts [12] . This chimeric protein is generated by the chromosomal translocation t(11;22)(q24q12) that is detected in more than 95% of Ewing's sarcoma family of tumors [13] . The fusion protein facilitates tumorigenesis but further mutations are required [12] . Among the three lists reported by [12] , the strongest over-representation of pRB and p16 regulated genes was detected for the list of genes down-regulated by EWS/FLI. Specifically, 30 genes are downregulated by pRB, p16 and EWS/FLI (p-value < 1e-6, Figure 1B ), whereas 18 genes are downregulated by EWS/ FLI but upregulated by pRB (p-value = 0.0007, Figure 1C ).
Expansion of the signatures
The illustrated approach allowed us to identify common targets of pRB, p16 and EWS/FLI having an annotated NCBI Entrez Gene identifier. However, the p16-pRB data and the EWS/FLI data were analyzed using different methods. Therefore, we asked whether other genes -not annotated with a NCBI Entrez Gene identifier or not extracted by a particular type of analysis -behave similarly to the identified common target genes. This analysis was performed using the raw data. The EWS/FLI dataset was downloaded from http://www.broad.mit.edu/cgi-bin/ cancer/datasets.cgi and combined with the p16-pRB data. All the data were median centered per array and probesets that did not detect expression of the corresponding gene in at least two samples per class according to Affymetrix MAS5 Present call [18] were eliminated. The overlapping genes identified previously were represented by 39 Affymetrix probesets corresponding to 30 genes repressed by pRB, p16, EWS/FLI, and 21 probesets representing 18 genes repressed by EWS/FLI but induced by pRB (Additional files 1 and 2). Both signatures were expanded by cluster analysis (see Methods section for details): Briefly, genes that are strongly correlated with the genes of the original cluster were identified separately in each data set (pRB, p16, EWS/FLI) by calculating the Pearson correlation coefficient of each gene to the median centroid of the original genes. The expanded cluster was formed by including genes whose mean correlation coefficient in the three classes was superior to 0.8. This analysis allowed us to expand the initial cluster to 210 probesets down regulated by pRB, p16 and EWS/FLI and 93 probesets up regulated by pRB but down regulated by EWS/FLI. The results are depicted in Figure 2 . In order to evaluate the quality of the expanded cluster, we calculated the average correlation coefficient between all genes of the expanded cluster (separately within each class of samples) and compared it to the average correlation coefficient observed between genes of the original cluster (see Methods section for details on calculating the average correlation coefficient, Acv). This analysis indicated that the average correlation of the expanded gene set is very similar to the average correlation observed in the initial gene set. Acv values and the corresponding standard deviations are reported in Figure  2C and 2D.
Enrichment in Gene Ontology categories
The analysis on Affymetrix raw data was performed using MAS5 [18] . Alternative techniques of data normalization are available. In order to test how the normalization procedure affects the results of our analysis, EWS/FLI, pRB, and p16 datasets were independently processed with RMA [19] and GCRMA [20] . Values of the probesets composing the two expanded signatures were determined and average correlation value analysis was performed as described for MAS5 data. We did not observe a dramatic variation of the distribution of correlation values using different techniques of normalization (Additional file 2).
Functional classification of expanded signatures
The characterization of the two expanded signatures was performed by evaluating the enrichment of Gene Ontology categories. The analysis was conducted with GoTM [21] and two different types of reference gene sets were used. First, we considered as a reference set the genes that are detectable by Affymetrix HG-U95Av2 platform to have a global overview of biological processes, molecular functions and cellular localizations of genes in the expanded signatures. Second, to evaluate the relative enrichment of one signature for a particular Gene Ontology category, we used the merger of the two expanded signatures as a reference set.
The results of enriched GO biological process categories are shown in Figure 3 . We found that both expanded sets are strongly enriched for genes involved in cell cycle regulation. However, they seem to play a role in different phases of the cell cycle. Genes repressed by pRB, p16 and EWS/FLI are mainly involved in processes like DNA replication (CCNH, EXO1, PCNA, FANCL, RAD54L) and DNA repair (POLA, SSBP1, CDC45L, RFC5). Among the genes that are induced by pRB but repressed by EWS/FLI, the predominant group of genes are active during M phase, like BUB1 and BUB3 (involved in the mitotic spindle checkpoint) and CCNB1, CCNB2, and CDC25C that regulate progression through mitosis.
Conclusion
Gene expression screenings have become routine in many laboratories and the Affymetrix database of published articles using their technology counts more then 3000 citations where Affymetrix technology is only one out of several. Public repositories have been established [6, 7] (ArrayExpress and Gene Expression Omnibus (GEO)) that, however, still host only a minor portion of published gene expression data (373 experiments in ArrayExpress and 639 datasets in GEO containing also SAGE data as of October 2004). Furthermore, due to the need for technological detail in the database entries, a simple query like "How is my gene behaving in the published datasets?" cannot be carried out easily even though this type of query is needed for efficient meta-analysis of gene expression data. The question that is being addressed by most gene expression screenings is: "What genes change expression in a specific condition?" In order to perform efficient meta-analysis of gene expression data the question to be answered is: "What conditions make this gene change expression?"
In order to facilitate answering this question, we set up a dedicated database where researchers can find and query lists of genes that have been reported in published microarray screenings. Two basic types of information are stored in this database: What genes have been interrogated in a given experiment (array platform) and what genes have been found regulated or behave as classifiers of tumor samples. Technical details and numerical hybridization results are not included. The main use of the database is to find published reports on genes of interest. In order for this type of query to work efficiently, high quality annotations of the reported gene lists is necessary to enable unequivocal gene identification across experiments. At IFOM, we have currently established such an annotation pipeline that is automated and satisfies this need [14] . The user has access to Pubmed abstracts and all gene lists reported in a particular paper.
To illustrate the utility of this resource, here we demonstrate that by searching the database with lists of genes that are regulated by p16 and pRB in cellular model systems, an unexpectedly strong overlap with genes regulated by the EWS/FLI fusion protein can be detected. The set of genes that is regulated by p16 and pRB on the one hand and genes reported to be regulated by EWS/FLI on the other hand has been used as a seed cluster that was expanded by detailed numerical analysis of the raw data. Analysis of the genes in the expanded cluster for the enrichment of Gene Ontology categories reveals that most genes are involved in the regulation of the cell cycle. However, subcategories can be identified. Specifically, the list of genes that are down regulated by pRB, p16, and EWS/ FLI are strongly enriched for genes that function in DNA replication and DNA repair whereas genes that are up regulated by pRB and down regulated by EWS/FLI are enriched for genes with mitotic functions. Although pRB and p16 are best known for their role in the regulation of the G1/S transition, several reports have identified genes with a role in G2/M that are under the control of pRB/p16 as E2F target genes [22] [23] [24] . Thus, it seems likely that the strong enrichment for genes with functions in G1/S and G2/M in the set of genes that are regulated by both pRB/ p16 and EWS/FLI reflect physiological mechanisms of gene expression control. It is tempting to speculate that EWS/FLI subverts the expression of pRB/p16 target genes by an unknown mechanism and that this event facilitates tumorigenesis that, however, requires additional mutations [12] . If this mechanisms applies, it is likely that pRB/ p16 function is only partially compromised by EWS/FLI because Ewing's Sarcomas with a deletion of p16INK4A are characterized by a more aggressive behaviour and poorer response to chemotherapy than Ewing's sarcomas with functional p16 [25] . The significance of the signatures identified in this study remains to be validated by experimental means. However, the identification of common targets of pRB/p16 and EWS/FLI pathways reported here may help to elucidate the molecular mechanisms leading to the development of Ewing's sarcoma.
